We present a simulation framework for spunbond processes and use a design of experiments to investigate the cause-and-effect-relations of process and material parameters onto the fiber laydown on a conveyor belt. The virtual experiments are analyzed by a blocked neural network. This forms the basis for the prediction of the fiber laydown characteristics and enables a quick ranking of the significance of the influencing effects. We conclude our research by an analysis of the nonlinear cause-and-effect relations.
According to the current state of art in industry, process and product design is carried out by trial and error on production lines, which is time-consuming and cost-intensive. Scaling up experimental-based optimization results from pilot lines to production plants can be misleading due to the nonlinearity of the influencing factors. In particular the air stream is highly sensitive to varying process conditions and, hence, the turbulent effects of the air within the spunbond processes. In order to support the experimental approach of designing spunbond processes with respect to customer-specific needs, theoretical analyses and simulation methods become a key technology. For example in [16] a physical model is developed describing the fiber properties like fiber diameter, fiber speed, strain rate, stress, temperature and cristallinity dependent of the process conditions. Mathematical models that also describe the laydown of the fibers on the belt can be found in [18] or [30] . A description of the software that implements these models is found here [7] .
In this paper, we start by presenting a simulation framework for spunbond processes. With a design of experiments we study the influencing effects of process and material parameters of the fiber laydown on a conveyor belt. Finally, we train a feed-forward neural network in order to study a quality criterion of the fiber laydown structure and compare it to a linear in parameter model.
Principles of nonwoven production processes and simulation framework of spunbond processes
Spunbond processes follow in principle the process steps extrusion, spinning, drawing, laying down, and bonding. Figure 1 shows a sketch of a typical spunbond process used for the production of nonwovens. On the right hand side of Fig. 1 corresponding physical models describing single process steps are quoted and the currently dominating simulation techniques are listed. Hereby, the enumeration of simulation methods is not complete, but should only be understood as examples.
More precisely, a melted polymer (e.g. polypropylene or polyester) is extruded, filtered, and transported to a so-called spin pack. In the spin pack the melt is forced through hundreds of holes called nozzles or spinnerets. Streams of viscous melt exit the spinnerets and form viscous fibers. The fibers are cooled and stretched by an air flow coming from the side. Then they are driven by compressed air through a channel, the so-called drawing system. After they have left the drawing channel, turbulent air streams entangle them. Finally, they lay down on the conveyor belt and form a random web. Suction underneath the belt prevents the fibers from rebounding. The random web is transported away for further post-processing steps like mechanical or thermal bonding. We refer to [1] for further details.
In this study we put our focus on the entangeling and laydown phase of fibers within spunbond processes. Hereto, we simulate the air stream starting at the end of the drawing unit to the suction beneath the conveyor belt. Fig. 2 shows the used simulation domain with geometry dimensions. As physical model for the air stream we use the Reynolds-averaged Navier-Stokes equations (or RANS equations) with a so-called k-ε-turbulence model. The moving conveyor belt is modelled as a porous medium according to Darcy's law. All simulations of the air stream (CFD simulations) are performed as stationary 2d simulations assuming periodic boundary conditions in cross machine direction (CD). The following considerations therefore hold true only for the center regions of a spunbond process and can not be used to investigate the boundary effects of the fiber laydown themselves. Of course, the study can be extended in the future in order to analyze the boundary effects.
For the fiber dynamics driven by the turbulent air we use a modeling framework based on the theory of Cosserat rods, where the fiber is modeled as a one-dimensional object, as the fiber diameter is negligibly small compared to its length. The fiber is modeled by a curve r describing its centerline and an orientation of its cross-section, given by a set of directors d i forming an orthogonal basis. This general framework consists of equations for the fiber's kinematics and dynamics, and is complemented with a material model and geometry model specific to the spunbond process, cf. [30] . The material model assumes elastic, inextensible behavior of the fiber in the lower part of the production process, whereas the geometry model assumes a circular cross-section of the fiber with a constant radius. Using these assumptions we arrive at a simplified string model for the fiber, given as:
Here, the fiber centerline r : (s a , s b ) × R + → R 3 is a function of the material parameter s as well as time t, (ρA) is the line density [kg/m] (also called titer) of the fiber, (EI) is the bending stiffness [Nm 2 ], T is the tangential contact force Analysis of the fiber laydown quality in spunbond processes with simulation experiments evaluated by blocked neural networks Navier-Stokes equations for the air stream and stationary Cosserat rod models with viscous material laws for the fibers; standard solvers for the CFD simulation and boundary value problem solvers for the spinning simulation fiber-geometry collision models with friction; simulated by FIDYST non-Newtonian fluid flow with moving geometries; simulation by finite element methods or gridfree solvers creep flow described by stationary Stokes equations; simulation by standard finite element or finite volume methods and shape optimization for spin pack design Navier-Stokes equations with turbulence models for the air stream and instationary Cosserat rod models with (visco-) elastic material laws for the fibers; standard solvers for the CFD simulation and the fiber dynamics simulation tool (FIDYST) for the fiber dynamics conveyor belt modeled as porous medium according to Darcy's law; simulation by standard CFD solvers The line force f ext is the sum of all external forces, including aerodynamic forces, gravity, and contact forces arising from the deposition of the fibers onto the conveyor belt. Modeling these forces is crucial for the correct simulation of the fibers, see [22] for the aerodynamic forces, [10, 27] for the contact forces. For the contact with the conveyor belt, the contact forces take a simple form as
where the belt is given as a plane with normal n b through the point x b , and the magnitude λ of the force is computed as a Lagrange multiplier to the non-penetration constraint (3). Further, this is completed by a friction model.
For the simulation the resulting partial differential equations are discretized in time t and space s and then integrated using the implicit Euler method. This requires solving a non-linear system of equations for each time step, which in turn is solved using Newton's method. More details about the discretization scheme and an industrial application of this simulation method for the dynamics of staple fibers can be found in [8] .
Design of experiments and corresponding CFD and fiber laydown simulation results
The model of the fiber dynamics and laydown requires a description of the external forces acting on the fibers as well as specification of their material properties. Hereto, we use the geometry with the mesh specified in Fig. 2 as starting point for all following trials. We perform a series of simulations using a design of experiments (DoE) in two steps: first we create a base data set of the effects of the material parameters, which is then augmented by the CFD parameters. Thus, for the first part of the DoE, we vary the material properties while using a fixed CFD data set corresponding to the central values v = 100 m/s, p = 100 Pa, and fixed process parameters. Hereby, v denotes the inlet speed of the air at the end of the drawing unit, while p denotes the pressure of the suction under the conveyor belt (compare Fig. 2 ). The numerical simulation parameters are also kept constant, i.e., we use a discretization time ∆t = 1 µs, discretization length ∆s = 1 mm, and total simulation time T = 2 s, producing 160 m of fiber length at a spinning speed of u = 80 m/s. For the material parameters, we use a Latin Hypercube scheme with 100 points in the following ranges:
1. E modulus in the range 10 GPa to 30 GPa, Analysis of the fiber laydown quality in spunbond processes with simulation experiments evaluated by blocked neural networks 2. density in the range 900 g/cm 3 to 1200 g/cm 3 , and 3. line density (titer) in the range 2.83 dtex to 4.53 dtex.
The distribution of these material parameters is shown in Fig. 4 , where we have used a normalized scale for better visualization. In a second step, we augment the DoE by an additional 105 simulations where all five parameters are varied, i.e., the two process parameters of the CFD simulation and the three material parameters of the fiber dynamics simulation. Due to the very high computation costs of the CFD simulation, again only the nine discrete values as given in Fig. 4 are used. Also, the three material parameters are no longer continuously sampled but instead correspond to the normalized values 0.1, 0.5 and 0.9 each. With this augmentation we get a data set of 205 simulation settings which gives a good sampling of both the extreme values as well as the interior of the 5-dimensional input parameter range. From the fiber dynamics simulation, we want to judge the quality of the resulting nonwoven. As the simulation produces endless filaments, the part of the fiber that is still in air is discarded and only the laydown is considered, i.e. the part of the fiber that has already been deposited onto the conveyor belt, see Fig. 7 . Of this laydown a "backtracked" version Analysis of the fiber laydown quality in spunbond processes with simulation experiments evaluated by blocked neural networks is computed where the transport of the fiber along the belt is subtracted. Thus, we reconstruct a distribution of the fiber below the spinneret. Since the simulation is initialized with a short fiber being spun into a long filament, the fiber initially can have a different behavior while the free end is in air compared to the real process where parts of the fiber are already laid down. We also discard the first part of the fiber laydown to remove this outlier effect, see Fig. 7 . We extract three statistical parameters σ 1 , σ 2 and A from this laydown which represent the overall stochastic structure of the laydown. Assuming the fiber laydown corresponds to a two-dimensional normal distribution, we compute the standard deviations σ 1 and σ 2 of the throwing ranges in MD and CD direction. Additionally, we compute a parameter A that corresponds to the stochasticity of the fiber deposition, where small values of A → 0 correspond to a deterministic deposition and A → ∞ to a completely stochastic process. The reader is referred to [18] for details of the computation of A.
Analysis of the fiber laydown quality in spunbond processes with simulation experiments evaluated by blocked neural networks
Using these three statistical properties of the simulated representative fibers, we can parametrize a stochastic surrogate model based on a Wiener process, which in a further step allows us to compute a full virtual nonwoven sample consisting of thousands of fibers. This sample can then be analyzed with regard to homogeneity, base weight distribution, etc., giving a measure of quality. However, in the following, we directly use the parameters extracted from the fiber simulation as a proxy for predicting quality, i.e., we consider these as the output values of our simulations which we want to predict given a set of input values.
Study of the influencing parameters by blocked neural networks
In this section, we analyze the influence of the process parameters spinning speed and pressure of the suction as well as of the material parameters E modulus, density, and line density on the fiber laydown characterized by σ 1 , σ 2 , and A.
For simplicity, we denote the process/material parameters as input variables of the spunbond system, while the fiber laydown characteristics are denoted as output variables. A first, rough look at the resulting simulation data shows that the effect of the input variables is of nonlinear nature. Hence, we use a generalized regression model for the following analysis.
A good choice for generalized regressions models are feed-forward neural networks. The main advantage of neural networks to other regression models is their universal approximation framework realized by their special architecture. Since many neural networks are constructed by single neurons, we briefly give a short introduction of the mathematical concept of neurons or so-called perceptrons.
A single neuron consists of N inputs x i ∈ R, i = 1, . . . , N, with corresponding weights ω i , i = 1, . . . , N . Sometimes a bias ω 0 corresponding to a permanent input of 1 is added. A so-called activation function is attached to the definition of a neuron. Since we consider single neurons, we regard only one output variable y ∈ R. Together these parts form the neuron by implementing the following two rules: First, the weighted sum of all input variables is computed, i.e., a = N i=0 ω i x i (including the bias), then the activation function φ is applied, i.e.,
Graphically, neurons can be presented by one of the following two typical network diagrams. In [5] or [14] it is shown that fully connected neural networks are able to approximate arbitrary continuous functions with arbitrary accuracy. Furthermore, in [15] it is proven that neural networks with appropriate smooth activation functions are able to approximate the derivatives of the regression functions -useful, e.g., for optimization. Since our main focus of this paper is to gain more insight into the cause-and-effect-relations from process/material parameters to the fiber laydown characteristics, we use a blocked neural network approach.
A blocked neural network has one (so-called hidden) layer with blocks of neurons. All neurons in each block have -besides the bias -only one input parameter. We denote the input parameters by x i , i = 1, . . . , N . The number of neurons in each block does not need to be equal. We denote the number of neurons in the block i by M i . The weight coming from the input x i to the j-th neuron in block i is denoted by ω ij . Similarly, the weight of the bias to the j-th neuron in the i-th block is abbreviated by b ij . The weights for the summation of the neurons in the hidden layer are Analysis of the fiber laydown quality in spunbond processes with simulation experiments evaluated by blocked neural networks input (e.g. material) Figure 9 : Graphical representation of a blocked neural network with two neurons per block. In this sketch only two inputs are visualized, while the blocked neural network in this study has five inputs (two process and three material parameters). denoted by v ij , i = 1, . . . , N and j = 1, . . . , M i , respectively. With v 0 we denote the weight for the bias neuron. Then the output of this blocked neural network can be computed for the activation function φ as
Hereby, Θ summarizes all weights, i.e., the parameters of the blocked neural network, while x ∈ R N abbreviates the N input parameters and y ∈ R the output parameter. The neuron activation function is chosen to be of sigmoidal type, i.e., φ(x) = e x −e −x e x +e −x . The weights have to be determined by the given input and output data. This is done by minimizing the means squared error over a part of the given data, the so-called training set. The remaining data sets are used to validate the regression model. More precisely, the performance of the neural network is measured by the prediction mean squared error, which is estimated by cross validation (see [3] for more details).
Additionally, we like to analyze the sensitivity of the cause-and-effect-relations. Hereto, we compute the first partial derivative of the regression function with respect to each input parameter. A large value of the partial derivative indicates a large influence of the corresponding input parameter, i.e. small changes in the input will lead to large changes in the output. Furthermore, the sign of the partial derivative is important. A positive partial derivative indicates that an increase in the input leads to an increase in the output, while a negative sign means that an increase in the input leads to a decrease in the output. Now the advantage of the blocked neural network approach becomes clear. Computing the partial derivatives with respect to the input parameters can easily be done in such a neural network. Due to [26] we have:
where M i is the number of neurons in the i-th block as defined as in equation (4).
For our analysis, we choose a blocked neural network with two neurons in each of the block. The weights of each block are trained on the training data set by the Levenberg-Marquardt Method [11] . We split the data set randomly in training and test data sets with a 80 %-20 %-distribution, respectively. The results are presented in the following figures for each output parameter σ 1 , σ 2 , and A. First, we present the results for the input process parameters (see Fig. 10 ). Then we visualize the effect results for the material parameters (see Fig. 11 ).
We conclude, that the effect of the process parameters is small. The material parameters clearly have more influence, in particular the line density has factor 10 more effect on the fiber laydown characteristics than E modulus and density. Furthermore, we observe the material input parameters have opposite effects in machine and cross machine direction. For example, an increasing density leads to an increasing σ 2 , i.e. an increasing standard deviation of the throwing range in cross machine direction of the fiber laydown mass, while at the same time the standard deviation in machine direction σ 1 decreases. This behavior is also true for the cause-and-effect-relation of the line density. An increase of the line density leads to an increase of σ 2 , but a decrease of σ 1 . Surprisingly, the sign of the cause-and-effect-relation for E modulus vs. σ 1 changes. In lower regimes of the fiber's E modulus we observe the same effects, i.e. an increase of Figure 10 : Effect of the input process parameters on the fiber laydown characteristics: the pressure effect (left figure) is with 0 for σ 1 /σ 2 and less than 0.005 for A negligible. The effect on the air speed onto the fiber laydown characteristics (right figure) is with a range of 0.01 to 0.07 ten times bigger than the influence of the pressure. For completeness, the performance of the training of the blocked neural network is visualized in Fig. 12 . Note, that the confidence intervals have been estimated by the delta method described in [24] .
Comparing the five partial derivatives with each other is not so easy. A scalar quantity summarizing the cause-andeffect-relations would be desirable. A popular measure to quantify the sensitivity is the so-called average elasticity (AE). The average elasticity quantifies the percentage change of the output parameter with respect to a one percent Figure 12 : Performance of the trained BNN for the three output parameters σ 1 (left), σ 2 (center), and A (right).
change of the input parameters. In practice, the average elasticity is computed for given samples of input and output data as follows.
Let us assume that we have a total number of S samples (x (s) ; y (s) ) of input/output data and a blocked neural network f BNN as a nonlinear regression model approximating this data. Then the average elasticity for the i-th input parameter x i is defined (see [32] ) as
, y (s) = 0 for all s = 1, . . . , S. Table 1 shows the average elasticity values for each of the five input parameters with respect to the three different output parameters. From the average elasticity measures in Tab. 1 we conclude that the line density (titer) has the largest influence on the fiber laydown. Hereby, the impact on the fiber laydown in machine direction (σ 1 ) is more than doubled compared ton the influence in cross machine direction (σ 2 ). As expected, changes of the air speed influence the fiber laydown as well. In this case, the impact on the cross machine direction is approximatly three times bigger than the impact in machine direction. On the first glance, the E modulus seems to be of minor impact, since the average elasticity measure is between 0.007 and 0.056, but a look at the effect plots shows an interesting effect that can not be detected by the summarized scalar quantity. As explained above, there is a change of the sign of the partial derivative in the cause-and-effect-relation, so in this case the summarized quantity of the AE is not applicable. Again, the pressure of the suction is negligible.
Summary and Outlook
In this paper we present the mathematical and physical framework to simulate spunbond processes. Furthermore, we present a fiber laydown criterion that characterizes the laydown on the conveyor belt. We set up a design of experiments DoE for two process parameters of an academic spunbond process and three material parameters of the filaments. The simulation results in this DoE are analyzed by a blocked neural network. The BNN is not only used to predict the fiber laydown characteristics for the five input parameters, but also to analyze the cause-and-effect-relations with relevance plots. Additonally, the average elasticity measure leads to a quick ranking of the influencing effects with respect to their statistical significance.
The proposed simulation framework can be applied to optimize spunbond process with respect to homogeneity of the fiber mass distribution on a conveyor belt. However, the considered framework addresses the laydown of one single fiber and its characterization in machine and cross machine direction. For future work the superposition of multiple networks fibers forming a 3D microstructure and its height distribution should be investigated. Therefore, a three-dimensional fiber laydown model based on stochastic differential equations can be used as described in [19] or a construction of 3D nonwovens using a greedy approximation of the distribution of fiber directions as derived in [9] .
